The continuous entry of new firms and exit of old ones might have substantial effects on productivity of energy supply. Since China is the world's largest energy producer, productivity of energy supply in China is a significant issue, which affects sustainability. As a technical application, this paper investigates the productivity and dynamic changes of Chinese coal mining firms. We find that the total factor productivity (TFP) growth of coal supply in China is largely lagging behind the growth rate of coal production. The entry and exit of non-state-owned enterprise (non-SOE) partially provide explanation for the dynamic change of aggregate TFP. Specifically, non-state owned entrants induced by the coal price boom after 2003, which had negative effects on TFP of energy supply, while the exit of non-SOEs had positive effects. Furthermore, there is regional heterogeneity concerning the effects of entry and exit on energy supply productivity. More entrants induced by coal price boom are concentrated in non-main production region (non-MPR), while more exits are located in MPR due to the government's enforcement. This provides explanation for the phenomena that productivity of energy supply in MPR gradually surpasses that in non-MPR. We also anticipate our paper to enhance understanding on the energy supply-side, which might further help us make informed decisions on energy planning and environmental policies.
Introduction
China has become the largest energy supplier in the world since 2007. In the few decades following the opening up and reform in 1978, China's size-driven economic growth resulted in a large increment in energy demand. In order to meet the rapidly increasing energy demand, China's energy production also increased dramatically. Figure 1 shows the historical trends of primary energy demand and production in China during 2000-2017. For comparison, energy demand and production in the US, Russia, EU, and India are also presented. In 2017, China consumed 3132 million tons of oil equivalent (Mtoe) of primary energy, accounting for~23% of global total energy demand. Corresponding to the huge energy demand, China also produced 2581 Mtoe of primary energy, which means that~18% of energy worldwide is supplied in China. As shown in Figure 1b , energy production from China means that ~18% of energy worldwide is supplied in China. As shown in Figure 1b , energy production from China increased substantially, such that in 2017 it was 29% larger than that of the US, 85% larger than that of Russia, and several times larger than that of the EU and India. The productivity of energy supply in China is a significant issue because of China's large energy production and its tight connection with the country's sustainable development. This motivates us to study the productivity of China's energy supply. We pay particular attention to coal to investigate the productivity evolution of China's energy supply, because coal dominates China's primary energy supply. In 2017, China's coal production was ~46% of the world's total, more than four times that of the second largest producer, the US. Table 1 reports the share of coal in total primary energy supply for several large energy producing countries. In order to mitigate environmental pollution impacts, a priority of China's energy policy in the recent years has been to reduce the reliance on coal by promoting the "coal substitution strategy". However, the share of coal in China's primary energy supply has never fallen below 65 percent even after cutting down the over-capacities in coal industry. Further decrease in coal share is difficult because of China's lack in oil and natural gas [1] . According to British Petroleum [2] , at end of 2017, only 1.5% of global proven oil reserves and 2.8% of global natural gas reserves were in China. Substituting coal by oil and natural gas, which are about 70% and 45% imported, respectively in 2017, would increase China's external energy dependency. Therefore, coal will still dominate China's energy supply and remains crucial in studying China's energy supply. The productivity of energy supply in China is a significant issue because of China's large energy production and its tight connection with the country's sustainable development. This motivates us to study the productivity of China's energy supply. We pay particular attention to coal to investigate the productivity evolution of China's energy supply, because coal dominates China's primary energy supply. In 2017, China's coal production was~46% of the world's total, more than four times that of the second largest producer, the US. Table 1 reports the share of coal in total primary energy supply for several large energy producing countries. In order to mitigate environmental pollution impacts, a priority of China's energy policy in the recent years has been to reduce the reliance on coal by promoting the "coal substitution strategy". However, the share of coal in China's primary energy supply has never fallen below 65 percent even after cutting down the over-capacities in coal industry. Further decrease in coal share is difficult because of China's lack in oil and natural gas [1] . According to British Petroleum [2] , at end of 2017, only 1.5% of global proven oil reserves and 2.8% of global natural gas reserves were in China. Substituting coal by oil and natural gas, which are about 70% and 45% imported, respectively in 2017, would increase China's external energy dependency. Therefore, coal will still dominate China's energy supply and remains crucial in studying China's energy supply.
In this paper, we estimate the productivity of China's energy supply at a firm-level, furthermore, dynamic productivity decomposition with entry and exit are also conducted. We are particularly interested in how China's policy intervention affects energy supply productivity through the entry and exit of firms.
Our work contributes in three aspects: first, to shift attention to the supply side. The prior literature are mainly focused on the productivity of energy use, but to the best of our knowledge, little is known about the productivity of energy supply and its dynamic evolution over time. Second, to employ a firm-level dataset in the analysis. The dataset has annual observation of all coal producers whose main business income are no less than 5 million RMB, and thus include most coal producers in China. Therefore, it is representative and can provide rich information on the productivity evolution of energy supply in China over the sample periods. In addition to containing detailed observations, the micro-dataset used in this paper is advantageous over macro-data as it can differentiate entrants and exiters, thus facilitating the evaluation of entry and exit contributions to productivities. Third, to measure the contribution of entering and exiting, which made it possible to check the effects of eliminating outdated mining capacity in 2002 and the integration of coal resources in 2007 on the productivity of energy supply. With micro evidences from coal producers, this has implications for making informed policies that improve productivity of energy supply.
The remainder of this paper is organized as follows. In Section 2, we provide a brief overview on the background of energy supply in China. Section 3 reviews the existing literature on the measurement of productivity, and its application in energy economics. In Section 4, we briefly describe the methodology used in this paper. The firm-level dataset and empirical results are analyzed in Section 5. Section 6 is the conclusions and policy implications.
Background Facts on Productivity of Energy Supply: the Role of Entering and Exiting
A simplified and intuitive measure of productivity is labor productivity, which is measured by the ratio of output to the number of workers [3] . Figure 2 compares labor productivity of the coal mining industry in China and US. In 2014, labor productivity of China's coal mining industry was 0.63 thousand ton per worker, and it was much lower than that in US, 9.99 thousand ton per worker. Nevertheless, China has enjoyed impressive productivity growth averaging 6.1% during 2000 and 2014. An interesting question thus is how much growth in productivity can be attributed to technology progress, institutional change, and other factors. In this paper, we estimate the productivity of China's energy supply at a firm-level, furthermore, dynamic productivity decomposition with entry and exit are also conducted. We are particularly interested in how China's policy intervention affects energy supply productivity through the entry and exit of firms.
A simplified and intuitive measure of productivity is labor productivity, which is measured by the ratio of output to the number of workers [3] . Figure 2 compares labor productivity of the coal mining industry in China and US. In 2014, labor productivity of China's coal mining industry was 0.63 thousand ton per worker, and it was much lower than that in US, 9.99 thousand ton per worker. Nevertheless, China has enjoyed impressive productivity growth averaging 6.1% during 2000 and 2014. An interesting question thus is how much growth in productivity can be attributed to technology progress, institutional change, and other factors. A more comprehensive indicator is aggregate productivity. It is defined as weighted average of productivities at the firm-level, which empirically have substantial differences among them. Changes A more comprehensive indicator is aggregate productivity. It is defined as weighted average of productivities at the firm-level, which empirically have substantial differences among them. Changes in aggregate productivity of China's energy supply can be decomposed into four components:
(1) the shifts in the distribution of producer-level productivity; (2) market share reallocations between firms which change the weights; (3) the entry of new firms; and (4) the exit of old firms. In particular, entrants would generate positive productivity growth if (and only if) they have higher productivity than the remaining firms in the same time period when entry occurs; while exiters would generate positive productivity growth if (and only if) they have lower productivity than the remaining firms in the same time period when exit occurs [4] .
We formally define the concepts of survivors, entrants, and exiters as follows:
Survivors: firms operating in a period t and have operated in a prior period t − 1 are defined as "survivors" at t. Entrants: firms operating in t but have not operated in the period t − 1 are regarded as "entrants" at t. Exiters: firms had operated in t − 1 but not operating in t are designated as "exiters" at t.
The dynamic change of energy market suppliers between 1998 and 2007 is reported in Table 2 , and detailed description of the dataset can be seen in Table 2 , the effects of entering and exiting on aggregated energy supply might be quite substantial due to the continuous entry of new firms and exit of old ones. This further motivates us to evaluate the effects of entering and exiting particularly, on the productivity change. Accordingly, in the empirical section, the productivity of each firm is measured considering entry and exit using the dataset of coal mining firms, and the productivity of energy supply are obtained by aggregating the firm-level productivities. Then, productivity changes of energy supply are decomposed into several components for understanding the determinants, especially the effects of entry and exit.
Literature Review

Measuring Productivity
Improving productivity is essential for "sustainable development". Literature on measuring productivity and its decomposition has surged in both theoretical and empirical studies since the mid-1990s [5] . Various methods have been applied, including Solow residuals, stochastic frontier production functions, and data envelopment analysis (DEA). For example, Oberfield [6] constructed the Solow residuals to modify productivity in Chile. Kalirajan et al. [7] investigated productivity in the Chinese agricultural sector using frontier production function with varying coefficients. Kim and Han [8] measured the productivity in Korean manufacturing industries applying a stochastic frontier production model. Menegaki [9] calculated the productivity of renewable energy consumption using the DEA method. Van Bieseboreck [10] provided an excellent comparison of these methods. Syverson [11] reviews the literature on what determines productivity. In the publication by Syverson [12] , the challenges to mismeasurement of productivity have been proposed. The econometrics of energy-growth nexus as well as the comparison covering aggregate energy and disaggregate energy consumption, in addition to single country and multiple country analysis can be seen in Menegaki [13] .
With the increasing availability of firm-level data, more interest has been focused on measuring and decomposing productivity from the perspective of micro-datasets [11] . However, it has increasingly been recognized that these traditional methods might suffer methodological issues in estimating the productivity when firm-level data are employed [5] .
First, ordinary least squares (OLS) estimation is biased due to simultaneity or endogeneity problem, due to the fact that input choices might be correlated with productivity. For example, profit-maximizing firms would increase their inputs as a response to positive productivity shocks. Second, selection bias would emerge because of no allowance for entry and exit. Selection bias is a result of the relationship between the probability of exit from the market and the productivity shocks. For example, if the capital stock of a firm has positive effects on its profitability, a firm with larger capital stock is less likely to exit the market when facing a negative productivity shock, because the firm with larger capital is expected to produce more future profits [14] . The second point is particularly important for measuring and decomposing the productivity of China's energy supply, since suppliers of energy are marked by the continuous entry of new firms and exit of old ones, especially by policy intervention.
In order to address the simultaneity and selection bias problems, Olley and Pakes [15] proposed a semi-parametric algorithm to estimate the parameters of production function and firm-level productivity. Numerous studies then applied the Olley-Pakes (OP) methodology to estimate the production function and productivity at firm-level. For example, Amiti and Konings [16] estimated production functions at 3-digit level using the OP model to correct for simultaneity and firm exit; Brandt et al. [3] also applied the OP method to estimate China's firm-level productivity in the manufacturing sector. Relevant studies include Fan et al. [17] , Boeing et al. [18] , Aghion et al. [19] , Hsieh [20] , Harrison et al. [21] , Arnold et al. [22] , etc.
Productivity Relating Energy
On the other hand, with the increasingly serious phenomenon of energy depletion and environmental deterioration, energy has been regarded as an important input, and total factor productivity (TFP) is calculated by incorporating energy as a factor input (Green TFP; GTFP) in recent literature. Most prior literature on China's energy economy used provincial or municipal data, while firm-level data were rarely employed. For example, Zhang et al. [23] conducted a provincial-level analysis. Likewise, Chen and Golley [24] estimated the changing patterns of GTFP and its determinants. Similar studies include Liu et al. [25] , Shao et al. [26] , Li and Lin [27] , Lin and Du [28] , etc. In these studies, the authors focused mainly on energy consumption as an input in estimating productivity, however, only a few have focused energy supply to date. Darmstadter [29] investigated the key factors driving productivity changes in US coal mining. Bradley and Sharpe [30] analyzed the productivity performance of coal mining in Canada. Kwoka and Pollitt [31] analyzed the efficiency impact of the merger in the US electricity industry. These papers focus on labor productivity defined as the ratio of output to the number of workers, which is quite different from the firm-level analysis conducted in our current paper. Okazaki [32] is an exception, which explored productivity changes in the coal industry in Japan during World War II. However, the estimation results in Okazaki [32] might be biased due to the fact that it does not consider simultaneity and selection bias. Zhang et al. [33] studied the resource misallocation of energy firms due to growing free cash flows, but their study is limited to incumbents, the potential effects of entrants and exiters are ignored.
Theoretical Methods Description
Productivity Measuring and Aggregating
In this section, the theoretical model for estimating and decomposing productivity of energy supply with entry and exit are briefly derived. For estimation purpose, the Cobb-Douglas production technology represented by Equation (1) is employed:
where Y it is energy output for firm i in period t; K it and L it denote capital and labor inputs, respectively; and Ω it is the total factor productivity. Taking the natural log on both sides:
According to Yasar et al. [14] , we define u it = ln(Ω it ) + η it ∆ = ω it + η it , and the sum of u it and β 0 is TFP. ω it is the productivity shocks that can be observed by the firm's decision-maker but not by the econometrician; and η it is unobserved productivity shocks for both firm's decision-maker and econometrician. ω it is observable for decision-makers, and thus would have an effect on the firm's decision making process for their use of input. OLS estimation of Equation (2) would be simultaneously biased due to the unobservability of ω it for econometricians. In order to correct for the simultaneity problem, Olley and Pakes [15] assumed that the firm's decision to invest i it depends on its productivity, age (a it ), and capital (k it ):
Substituting Equation (3) into Equation (2) yields the following:
where
The partially linear Equation (4) can be estimated by OLS, and the estimation for β l would be unbiased because ϕ(·) controls for unobserved productivity ω it , and the error term η it is no longer correlated with the inputs. However, the coefficients for k it and a it remain unidentified. Equation (4) solved the simultaneity. In order to control for the selection bias caused by exit, the second step is to estimate the survival probabilities equation, as follows:
where J it is the information set, and
The probability of survival can be estimated by fitting a probit model, which is denoted asP it . Then, the coefficients β k and β a can be estimated by the following nonlinear least squares:
After estimating β l by Equation (2), and β k , β a by Equation (6), the TFP of energy supplier at the firm-level can be calculated using Equation (7):
We use t f p it to denote the productivity measure in logs. Similar to Melitz and Polanec (2015) , the aggregate productivity at time t is defined as a share-weighted average of firm productivity t f p it :
where s it ≥ 0 and ∑ i s it = 1. Here, s it is calculated by the share of value-added (va):
Obviously, s i1 = 0 is for entrants, and s i2 = 0 for exiters.
Dynamic Productivity Decomposition
For analyzing the effects of entering and exiting on the TFP of energy supply, the key variable is the change of aggregate productivity from t = 1 to 2, i.e., ∆Φ = Φ 2 − Φ 1 . Since t f p it presents the productivity measure in logs, ∆Φ is a percentage change of aggregate productivity over time, which is named as the dynamic change of TFP. It can be attributed to the change of both the firms' share s it and their productivity t f p it . The change of aggregate productivity can be separated into three sets for survivors (S), entrants (E), and exiters (X).
In prior literature, there are four methods to decompose the dynamic change of TFP: the BHC method proposed by Baily, Hulten, and Campbell [34] ; the GR method proposed by Griliches and Regev [35] ; the FHK method proposed by Foster, Haltiwanger, and Krizan [36] ; and the MP method proposed by Melitz and Polanec [4] . In order to avoid redundancy, here we only present the MP method's theoretical model which we mainly refer to. Technical details about BHC, GR, and FHK methods can be seen in the Appendix A.
Different from BHC, GR, and FHK methods, Melitz and Polanec [4] argue that the aggregate productivity is calculated using the remaining firms, because neither entrants in period 1 nor exiters in period 2 can be observed. Accordingly, the components on entrants and exiters in previous methods may be biased. Melitz and Polanec [4] propose the Dynamic Olley-Pakes Decomposition with entry and exit (DOPD), they show that aggregate productivity can be calculated by:
where s Gt = ∑ i∈G s it , representing the sum of market share for group G(G = S, E, X) and Φ Gt = ∑ i∈G (s it /s Gt )ϕ it is the group's aggregate productivity.
The dynamic change of TFP can be decomposed as follows:
According to Equation (11), the contribution of surviving firms to aggregate productivity change is decomposed into two parts: first, a shift in the distribution of firm productivity ∆ϕ s , and second, productivity change induced by market reallocations ∆cov S . The last two components capture the contributions of entrants and exiters, respectively. Entrants would generate positive productivity growth if (and only if) they have higher productivity than the remaining firms in the same time period when entry occurs; while exiters would generate positive productivity growth if (and only if) they have lower productivity than the remaining firms in the same time period when the exit occurs.
Empirical Results
Data
We obtained our data from the Chinese Industrial Enterprises Database (CIED) which is constructed using firm-level surveys conducted by China's National Bureau of Statistics (CNBS). The survey included all industrial firms with sales above 5 million RMB, which is called "above scale". Detailed introduction about CIED could be seen in Nie et al. [37] . The purpose of this paper is to measure and decompose the productivity of energy supply in China, thus we only focus on energy supply firms. The CIED contains rich information on inputs (such as capital, labor, immediate inputs) and value-added in coal mining firms, and thus could be relied on to measure productivity of energy supply. The empirical analysis is restricted to the coal mining sector for the following reasons:
First, as we have shown in Section 1, coal accounts for more than 70% of China's energy supply, thus coal mining firms are representative for China's energy suppliers. Second, there is a large difference between the number of coal mining firms and oil/natural gas producers. Take 2006 as an example, the number of above scale coal mining firms was 5371, while the total number of oil/natural gas producers was only 190. Third, oil and gas industries are much more monopolistic than coal mining industry, so that they are not comparable in empirical analysis.
As most literature using CIED, the sample periods are 1998-2007 [37] , because value-added data is not available after 2007 and the statistical scope of CEID has been changed to "industrial firms with sales above 20 million RMB" since 2007. Between 1998 and 2007, there are 25,627 observations in total.
Some firms have been dropped because their missing or negative observations for fixed-asset, total industrial output value, industrial value added, or intermediate input. Similar to Brandt et al. [3] , we further dropped all firms with less than eight employees. Collectively, 186 observations were eliminated, accounting for 0.7% of all 25,627 observations. The value added of coal mining firms was deflated to 1998's constant price using the producer price index, the capital stock and investment were deflated using fixed investment price index. Producer price index and fixed investment price index were obtained from the China Premium Database. Figure 3 is the number of coal mining firms in China during the sample periods. The number of entrants and exiters are also presented. It should be noted that a substantial part of China's coal production is concentrated in several provinces, such as Shanxi. In order to incorporate the potential heterogeneity, we divide the observations into two subsamples: (1) main production region (MPR), including Shanxi, Inner-Mongolia, Shandong, Shannxi, and Henan provinces, which accounted for 56.3% of China's coal production during the sample periods; (2) non-main production region (non-MPR), including the other provinces in China, which supplied the remaining 43.7% of coal 
Results and Discussion
There are thousands of TFPs at firm-level for each year. In order to present the picture about TFP distribution over years in coal mining firms, Figure 4 
There are thousands of TFPs at firm-level for each year. In order to present the picture about TFP distribution over years in coal mining firms, Figure 4 Based on Equation (8), we further calculated the aggregate TFP using value-added weights. The aggregate TFP and its growth rate are depicted in Figure 5 . Physical outputs have been expanded rapidly in coal supply, with annual growth rates of 8.4%. Here we found that the TFP growth of coal supply in China was only 2.6%. This implies that in China more attention should be paid to improving the productivity in energy supply, rather than expanding capital and labor inputs. Noteworthy is the sharp increase of aggregate TFP in 2007, which would be explained explicitly later. In order to investigate the driving forces of China's energy supply productivity, aggregate TFP was decomposed. Particularly, we focused on the impacts of entry and exit of coal mining firms on productivity changes, as shown in Table 3 . For comparison, the results from the BHC, GR, FHK, and DOPD decompositions are all reported. For each decomposition, summing the contributions of three groups (surviving, entering, and exiting firms) would obtain the same aggregate TFP change listed in the left column of "All firms". For BHC decomposition, it was easy to verify the measurement bias that we previously mentioned in the Appendix: recall the last two terms of Equation (A1), the effects of entrants in BHC would always be positive, regardless of the productivity of entrants; while the effects of exiters in BHC would always be negative even if the productivity of exiters might be higher. For GR, FHK, and DOPD, the decomposition results are similar. Overall, the decomposition results Based on Equation (8), we further calculated the aggregate TFP using value-added weights. The aggregate TFP and its growth rate are depicted in Figure 5 . Physical outputs have been expanded rapidly in coal supply, with annual growth rates of 8.4%. Here we found that the TFP growth of coal supply in China was only 2.6%. This implies that in China more attention should be paid to improving the productivity in energy supply, rather than expanding capital and labor inputs. Noteworthy is the sharp increase of aggregate TFP in 2007, which would be explained explicitly later. Based on Equation (8), we further calculated the aggregate TFP using value-added weights. The aggregate TFP and its growth rate are depicted in Figure 5 . Physical outputs have been expanded rapidly in coal supply, with annual growth rates of 8.4%. Here we found that the TFP growth of coal supply in China was only 2.6%. This implies that in China more attention should be paid to improving the productivity in energy supply, rather than expanding capital and labor inputs. Noteworthy is the sharp increase of aggregate TFP in 2007, which would be explained explicitly later. In order to investigate the driving forces of China's energy supply productivity, aggregate TFP was decomposed. Particularly, we focused on the impacts of entry and exit of coal mining firms on productivity changes, as shown in Table 3 . For comparison, the results from the BHC, GR, FHK, and DOPD decompositions are all reported. For each decomposition, summing the contributions of three groups (surviving, entering, and exiting firms) would obtain the same aggregate TFP change listed in the left column of "All firms". For BHC decomposition, it was easy to verify the measurement bias that we previously mentioned in the Appendix: recall the last two terms of Equation (A1), the effects of entrants in BHC would always be positive, regardless of the productivity of entrants; while the effects of exiters in BHC would always be negative even if the productivity of exiters might be higher. For GR, FHK, and DOPD, the decomposition results are similar. Overall, the decomposition results In order to investigate the driving forces of China's energy supply productivity, aggregate TFP was decomposed. Particularly, we focused on the impacts of entry and exit of coal mining firms on productivity changes, as shown in Table 3 . For comparison, the results from the BHC, GR, FHK, and DOPD decompositions are all reported. For each decomposition, summing the contributions of three groups (surviving, entering, and exiting firms) would obtain the same aggregate TFP change listed in the left column of "All firms". For BHC decomposition, it was easy to verify the measurement bias that we previously mentioned in the Appendix A: recall the last two terms of Equation (A1), the effects of entrants in BHC would always be positive, regardless of the productivity of entrants; while the effects of exiters in BHC would always be negative even if the productivity of exiters might be higher. For GR, FHK, and DOPD, the decomposition results are similar. Overall, the decomposition results of GR, FHK, and DOPD suggest that entrants after 2003 have generated negative effects on aggregate TFP changes; while the exiters have had a positive effects. The dynamic change of aggregate TFP over the years might be explained by the entry and exit of coal mining firms, especially the entry and exit of non-state-owned enterprise (non-SOE). Table 4 presents the numbers of entrants and exiters of state-owned enterprise (SOE) and non-SOE over the years. The entry and exit of non-SOE generate substantial impact on aggregate TFP changes. Unlike the manufacturing sector, most of non-state-owned entrants are small coal mines employing relatively outdated equipment. This has negative effects on aggregate TFP. Thus, SOE might have higher TFP compared to non-SOE. Figure 6 compares the TFP distribution of SOE and non-SOE for coal mining. As shown in Figure 6 , TFP of non-SOE were more left-shifted, indicating lower productivity of non-SOE. Table 5 provides statistics for TFP differences between SOE and non-SOE using Bonferroni test. The SOE had higher TFP compared to non-SOE, and the differences were statistically significant at 5% level in most cases. Most of entrants induced by the coal price boom after 2003 are non-SOE, and thus the contribution of massive entry after 2003 would be negative. of non-SOE. Table 5 provides statistics for TFP differences between SOE and non-SOE using Bonferroni test. The SOE had higher TFP compared to non-SOE, and the differences were statistically significant at 5% level in most cases. Most of entrants induced by the coal price boom after 2003 are non-SOE, and thus the contribution of massive entry after 2003 would be negative. The year 2007 is noteworthy; the Chinese government became devoted to enhancing coal industrial concentration in 2007, thus many coal mines were forced to exit the market. In 2007, 1249 firms exited, among them only 148 firms were state-owned while the remaining 1,101 firms were non-SOE. The effect of the 2007 exit was negative, implying that the integration of coal mining industry in 2007 was not based on productivity, some non-SOE with higher productivity might have been integrated.
Then, how to interpret the rapid increase of productivity in 2007? The results in Table 3 show that it should be attributed mostly to surviving firms. Thus, we separately present the within and between firm components for surviving firms in Table 6 . There is no clear direction for the contributions of within and between components. Empirically, however, Table 6 shows that the rapid increase of aggregate TFP in 2007 was mainly induced by within-firm growth, rather than between-firm reallocation. This further supports that coal industry integration in 2007 was not based on productivity, which would result in growth by between-firm reallocation. On the contrary, policy intervention might distort the choice of market integration. The year 2007 is noteworthy; the Chinese government became devoted to enhancing coal industrial concentration in 2007, thus many coal mines were forced to exit the market. In 2007, 1249 firms exited, among them only 148 firms were state-owned while the remaining 1101 firms were non-SOE. The effect of the 2007 exit was negative, implying that the integration of coal mining industry in 2007 was not based on productivity, some non-SOE with higher productivity might have been integrated.
Then, how to interpret the rapid increase of productivity in 2007? The results in Table 3 show that it should be attributed mostly to surviving firms. Thus, we separately present the within and between firm components for surviving firms in Table 6 . There is no clear direction for the contributions of within and between components. Empirically, however, Table 6 shows that the rapid increase of aggregate TFP in 2007 was mainly induced by within-firm growth, rather than between-firm reallocation. This further supports that coal industry integration in 2007 was not based on productivity, which would result in growth by between-firm reallocation. On the contrary, policy intervention might distort the choice of market integration. In order to further analyze the contributions of entries and exits by regions, we compared TFP distribution of MPR and non-MPR over the years, as shown in Figure 7 . Interestingly, before 2003 the productivity at firm-level in non-MPR was higher than that in MPR, but the situation reversed after 2004. In order to further analyze the contributions of entries and exits by regions, we compared TFP distribution of MPR and non-MPR over the years, as shown in Figure 7 . Interestingly, before 2003 the productivity at firm-level in non-MPR was higher than that in MPR, but the situation reversed after 2004. We argue that the reversal might also be partly attributed to the differences of entries and exits between MPR and non-MPR. Table 7 reports the number of entrants and exiters by MPR and non-MPR. First, the data show that there were much more entrants in non-MPR in 2005 and 2006. The massive entrants were small coal mines, which were induced by the increased coal prices. Thus, the TFP of these entrants were lower. These entrants decreased the TFP in non-MPR. Columns (1) and (2) of Table 8 support this explanation. In non-MPR, the scale of entrants was smaller than those of survivors and exiters (non-entrants) in 2005 and 2006, and the corresponding TFP was also lower. Second, more coal mining firms in MPR exit the market because of policy enforcement, and most exiters are small coal mines with lower productivity. For example, Shanxi, the largest coal production province in China, closed all firms producing less than 30 thousand tons per year in 2004; in 2006, firms producing less than 90 thousand tons per year were further forced to close. TFP in MPR gradually increased due to the exit of low productivity firms. In MPR (columns (3) and (4) of Table 8 ), the scale of exiters was smaller than those of entrants and survivors (non-exiters) in 2007, and the average TFP of exiters was also lower. 1999  268  246  1999  53  38  2000  171  149  2000  220  155  2001  294  392  2001  386  275  2002  311  231  2002  165  135  2003  261  260  2003  328  283  2004  1512  1039  2004  435  417  2005  588  1121  2005  133  179  2006  798  907  2006  569  371  2007  69  96 We argue that the reversal might also be partly attributed to the differences of entries and exits between MPR and non-MPR. Table 7 reports the number of entrants and exiters by MPR and non-MPR. First, the data show that there were much more entrants in non-MPR in 2005 and 2006. The massive entrants were small coal mines, which were induced by the increased coal prices. Thus, the TFP of these entrants were lower. These entrants decreased the TFP in non-MPR. Columns (1) and (2) of Table 8 support this explanation. In non-MPR, the scale of entrants was smaller than those of survivors and exiters (non-entrants) in 2005 and 2006, and the corresponding TFP was also lower. Second, more coal mining firms in MPR exit the market because of policy enforcement, and most exiters are small coal mines with lower productivity. For example, Shanxi, the largest coal production province in China, closed all firms producing less than 30 thousand tons per year in 2004; in 2006, firms producing less than 90 thousand tons per year were further forced to close. TFP in MPR gradually increased due to the exit of low productivity firms. In MPR (columns (3) and (4) of Table 8 ), the scale of exiters was smaller than those of entrants and survivors (non-exiters) in 2007, and the average TFP of exiters was also lower. We further decomposed the aggregate TFP by MPR and non-MPR. The results are reported in Table 9 . As argued by Melitz and Polanec [4] , the effects of entry and exit decomposed by GR and FHK might be biased because neither entrants in period 1 nor exiters in period 2 can be observed. To avoid redundancy, only the DOPD method was used. First, consistent with the former analysis, the contribution of exits in MPR were always positive (except for 2003), while that in non-MPR might be positive or negative. The reason is the elimination of outdated coal production capacity. Second, the integration of coal industry in 2007 generated positive effects on productivity in MPR through between-firm reallocation, but for non-MPR, the effects of between-firm reallocation were negative (between-firm reallocation contributed positively to MPR while contributed negatively to non-MPR. On average, the total effects of between-firm reallocation were negligible according to the results in Table 6 .) Third, the effects of entering in non-MPR were negative in 2004, 2005, and 2006. 
Conclusions and Policy Implications
China has been the world's largest energy producer, and coal dominates China's energy supply. The productivity of energy supply enhances our understanding on future energy development. Coal is the main energy source of electricity generation and the main emitter of carbon dioxide, this study would even help us make informed decisions on electricity planning and carbon cap-and-trade policies [38] .
In this context, this paper investigates the productivity and its dynamic change of energy supply in China by employing the 25,627 observations of coal mining firms. We are particularly interested in the effects of entering and exiting because of the continuous entry of new firms and exit of old ones in energy supply. We find that entering and exiting of coal mining firms help explain the dynamic change of productivity. Main findings and corresponding policy implications are as follows:
First, the TFP of China's energy supply only increases by 2.6% per year on average, which largely lags behind the growth rate of coal production. Promoting the productivity growth of China's energy supply is significant in future development. Especially considering that labor input of unit coal production in China is still much more than that in US.
Second, the entry and exit of non-SOE partially provide explanation for the dynamic change of energy supply productivity. At firm-level, we find that SOEs usually have higher TFP than non-SOEs in coal mining sector, because most of small coal mines belongs to non-SOEs, and they tend to employ outdated equipment. The decomposition of aggregate TFP suggests that non-state owned entrants induced by the boom of coal price after 2003 have generated negative effects on the TFP of energy supply. Similarly, the exit of non-SOEs has had positive effects.
Third, the integration in 2007 aiming at enhancing coal industrial concentration has substantially stimulated the within-growth of coal mining firms. At present, the concentration ratio of China is still quite low. For example, the largest four coal mining firms in the US account for~70% of total coal production; the largest five coal suppliers also provide more than 70% of coal in Austria. While the top ten coal mining firms only provide~40% of China's total production. Based on the results in this paper, promoting concentration degree of China's coal production by industrial integration might stimulate the productivity of coal-mining firms.
Fourth, there is heterogeneity by region concerning the effects of entry and exit on energy supply productivity. More entrants, which were induced by the coal price boom after 2003, are concentrated in non-MPR, while more exiters are located in MPR due to government's enforcement. Many entrants are small coal mines, while exiters are usually the outdated coal production capacity. Thus, the productivity of energy supply in MPR gradually surpasses that in non-MPR. From this perspective, "supply side reforms" nowadays in China might generate positive effect on energy supply productivity by restricting the entry of small coal mines and eliminating outdated coal production capacity.
of the share changes given the firms' TFP, which is named as "between-firm component". Then, the decomposition of dynamic change of TFP is: The first term is the within-firm subcomponent that captures the contribution of productivity improvements within surviving firms. The second term identifies the contributions of market reallocation between surviving firm. The third term seeks to capture the contributions of new entrants, and the fourth term captures the contributions of exiting firms.
In the BHC decomposition, entrants would always generate positive effects on aggregate productivity, even when the productivity of entrants might be lower. Similarly, exiting firms would always have negative contributions, regardless of the productivity of exiters. In fact, the contributions of entrants and exiters might be positive or negative, depending on whether their productivity levels are above or below the reference productivity.
In order to attenuate the bias in the BHC method, Griliches and Regev [35] employed the average aggregate productivity between two periods, Φ = (Φ 1 + Φ 2 )/2, as the reference productivity in the decomposition. Thus, the dynamic change of TFP is decomposed as: where s i = (s 1 + s 2 )/2 and ϕ i = (ϕ 1 + ϕ 2 )/2. Each component in Equation (A2) has similar meaning to Equation (A1).
Alternatively, in the study of Foster, Haltiwanger and Krizan [36] , the aggregate productivity in period 1, Φ 1 , has been used as the reference productivity, rather than the time average Φ. The dynamic change of TFP is thus decomposed as:
The third part, which is labeled as cross component, depicts the covariance between market share and firm-level productivity.
